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INTRODUCTION
With the goal of increasing employee social capital, many scholars offer suggestions on how to best configure an individual's social network. Some emphasize the importance of the number of contacts while others stress the value of diverse contacts. Support for the first position comes from scholars who have empirically demonstrated that the quantity of contacts is positively related to: the amount and diversity of organizational information to which an individual has access (Anderson, 2008; Seibert, Kraimer, & Liden, 2001) ; individual performance (Allen, 1977; Cross & Cummings, 2004) ; and organizational innovation capacity (Mehra, Kilduff, & Brass, 2001; Smith, Collins, & Clark, 2005) . There are difficulties with this perspective. Sole emphasis on the number of contacts implies a continuous, linear relationship between an individual's egocentric network size and their job performance. However, this ignores the scarcity of the employees' time and the effort required to initiate, foster, and maintain relationships (Latour & Woolgar, 1979 ). There will be a finite number of productive relationships that any individual can effectively build and maintain (McFadyen & Cannella, 2004) , and there is an obvious trade-off between the time and energy spent building and maintaining relationships with that spent on innovation.
There is also research suggesting value from diverse contacts. Granovetter (1973) and Lin, Ensel, and Vaughn (1981) suggest that people with a wider social network are more likely to gather relevant information; Campbell, Marsden, and Hurlbert (1986) find that network diversity is positively related to individual socioeconomic status; Burt (1992) argues that individuals with ties spanning boundaries can improve job performance; and Pfeffer (2010) proposes that diversity of contacts is useful for obtaining power. In the ecological literature, diversity can be dissected into two components: dispersion richness and dispersion evenness (Alatalo, 1981) . Dispersion richness refers to the total number of categories (Peet, 1974) , and dispersion evenness is the relative distribution among these categories (Lloyd & Ghelardi, 1964) . For example, Employee A has contacts from k departments in an organization which consists of K (K= k) departments; the value of dispersion richness is k and evenness reaches its maximum when the number of contacts in each department is equal and k^ K\ and the more the relative quantity among departments differs the lower the evenness (Alatalo, 1981) . To gauge network diversity, previous studies, e.g., Cummings (2004) , Oh, Chung, and Labianca (2004) , Reagans and McEvily (2003) , and Reagans and Zuckerman (2001) , have used either Teachman's index or Blau's index, both of which combine dispersion richness and evenness in a single value (Harrison & Klein, 2007; Stirling & Wilsey, 2001) . None have evaluated the relative influence of dispersion richness versus dispersion evenness on innovative performance.
Given that each perspective emphasizes the importance of either network size in one extreme or network diversity in the other, little is known about the rela-Size and Diversity of Social Network tionship between them; it is simply assumed that growth in network size will result in increased network diversity (Campbell et al., 1986) . Thus, there is value from investigating the relative importance of quantity (size) and diversity of contacts in arriving at a deeper understanding of the impact of the social network.
This article reports a study of 93 R&D employees of a Sino-German joint venture company operating in China that supplies carmakers with innovative automobile electronics. The 93 engineers utilize their accumulated knowledge of electronics and engineering to solve problems and create new technologies and products. In this study, the unit of analysis is the individual knowledge worker-the R&D employee. The aim of this article is to examine influences of the knowledge worker's egocentric network on the R&D employee's innovative job performance. We explore whether the traditionally assumed linear relationship between performance and network size holds true, investigate the relative importance of quantity and diversity of contacts, and unpack the concept of diversity by examining the relative influence of dispersion richness and dispersion evenness.
THEORETICAL BACKGROUND AND HYPOTHESES

Knowledge Creation and the Role of Social Networks
The problems that confront knowledge workers are often novel and challenging. Knowledge workers need diverse information and expertise to resolve these problems. Building and maintaining ties to different cohorts of colleagues and establishing knowledge exchange networks is essential to accessing the diverse resources needed for innovation. Research suggests that knowledge workers prefer to seek information and expertise from peers rather than from documents (Allen, 1977; Cross, Parker, Prusak, & Borgatti, 2001) , even where they have easy and convenient access to the internet and the firm's IT-based knowledge repository (Cross & Sproull, 2004) . A key reason for this preference is that 'in knowledge creation, information exchange is frequently emergent' and knowledge seekers are often unable to express a priori their specific knowledge needs (McFadyen & Cannella, 2004: 737) . In interpersonal exchanges, knowledge givers are able 'to adapt flexibly and respond rapidly to communicated needs' (Allen, 1970: 14) , and can more effectively cope with the uncertain nature of such needs. Thus, the knowledge worker's egocentric network plays a key role in their creation of new knowledge.
The knowledge worker's contacts have been divided into various cohorts, which are considered alternative sources of resources employees require to accomplish their tasks (Oh et al., 2004) . These cohorts are defined from the focal employee's perspective. The first cohort includes those within the focal employee's department. These colleagues serve as important sources of information from which technical ideas often originate in R&D departments (Allen, 1977) . They may provide information and knowledge on some important development, which could direcdy influence the specific tasks the focal individual is assigned (Allen, 1970) . Knowledge workers in a single department are more likely to share similar background experience and expertise, face similar problems, and deal with similar tasks.
The second cohort includes those colleagues who are outside the focal employee's department yet still within the organization. These individuals may have disparate perspectives and skills (Mehra, Dixon, Brass, & Robertson, 2006) and may have different beliefs about knowledge importance (Wong, 2008) . Research shows that cross-department ties facilitate valuable knowledge exchange (Hansen, 2000; Tsai, 2001) and are positively correlated with performance (Allen, 1977; Cross & Cummings, 2004) ; hence there is value in sharing knowledge across functional boundaries (Clark & Fujimoto, 1991; Davis & Lawrence, 1977) .
The third cohort includes those colleagues higher in the organizational hierarchy, who can acquire resources necessary for others to complete tasks. Previous research suggests that those higher in the hierarchy can access information not available to subordinates (Galbraith, 1977) , and have more contacts outside the organization as well as with other managers in different units of the organization (Carroll & Teo, 1996; Stevenson & Gilly, 1991) . They have unique and valuable resources such as power and decision-making authority (Mehra et al, 2006) , influence (Brass, 1984) , and prestige (De Graaf & Flap, 1988; Lin, 1999; Marsden & Hurlbert, 1988) , and may have greater breadth of information and perspective (Galbraith, 1977) . Ties to such people can enable access to these resources and help improve job performance (Cross & Cummings, 2004) . Moreover, hierarchical superiors are valued for their provision of solutions, referrals, validation, and legitimation (Cross & Sproull, 2004) . Access to leaders in other departments can also facilitate engaging the other departments to assist (Perry-Smith & Shalley, 2003) . Connections to those higher in the hierarchy enable the individual to exercise influence upward, and to access resources needed to accomplish tasks (Brass, 1984 (Brass, , 1992 Seibert et al., 2001) .
Though extra-organizational ties may have some impact on job performance, this article focuses on intra-organizational ties. Internal firm-specific knowledge is the basis of the products developed by the R&D department in the study organization. Also, obtaining data on extra-organizational connections was fraught with difficulty because of issues such as confidentiality. Our focus on internal knowledge transfer is supported by the findings of recent research by Criscuolo, Dahlander, and Salter (2009) mat suggests the diversity of extra-organizational ties is not significandy correlated with an individual's 'innovative status' (i.e., recognition by their colleagues for developing new, innovative solutions). Szulanski (1996: 27) also suggests that 'because internal transfers typically are hindered less by confidentiality and legal obstacles than external transfers, they could be faster and initially less complicated' and argues that 'in an era when continuous organizational learning and relentless performance improvement are needed to remain competitive, companies must increasingly resort to the internal transfer of capabilities'.
Hypotheses
Network size is a primary social network measure of an individuals' access to information and knowledge (Gabbay & Leenders, 2001) . Because each of an actor's ties represents a conduit to information and knowledge, more ties should mean greater access to these resources. Just as there will be some base-line level of information, knowledge, and resources below which a knowledge worker would be unable to accomplish tasks, so one might anticipate there will also be a minimum size of the knowledge worker's egocentric network, below which they would not be able to perform their role efficiently (Allen, 1977) .
Increasing the number of contacts comes at a cost. Interpersonal relationships take time and energy to identify, initiate, develop, and maintain (Luo, 2011; McFadyen & Cannella, 2004) . Any increase in contacts will increase the number of communications (Allen, 1977) , and consequendy consume more time and energy. Different cohort relationships take time and energy for different reasons. For contacts within the same department where individuals must work together toward a common goal, effort is required to improve mutual understanding and to develop a shared language. Ancona and Caldwell (1992) found that teams need good internal communication in order to set goals and priorities and to develop effective group processes. Interactions across departmental boundaries consume additional time and energy owing to the difficulties associated with physical distance and the coordination of different sub-cultures and norms across departments. Further, social ties that are 'valuable in facilitating certain actions may be useless or even harmful for others' (Coleman, 1988: S98) . For example, strong norms and strong social identification may be useful for group cohesion but can limit openness to information (Nahapiet & Ghoshal, 1998) and may impede learning (Simon & Davies, 1996) . Knowledge workers have a finite amount of time and energy, and increasing the number of ties consumes more time and energy which in turn reduces the time and energy available for knowledge creation activities (Latour & Woolgar, 1979) . Increasing the number of ties beyond a certain point may lead to diminishing or negative returns to performance. McFadyen and Cannella (2004) in a study looking at co-authorship within a group of 173 research scientists provide some preliminary evidence that the relationship between social capital and the amount of knowledge created is not a simple linear function, and that on the contrary, increasing the number of relationships eventually leads to diminishing returns. Additionally, excessive contacts will reduce the time available to spend with each contact, resulting in dilution of the total value of information and knowledge received (Allen, 1977) . In summary, we suggest when intra-organizational ties are too few, the knowledge and information accessible via these ties is inadequate to support die focal individual's knowledge creation needs; when intra-organizational ties are excessive, they will consume time and energy needed for knowledge creation. Too few or too many ties will negatively affect job performance. Stated formally: Research has revealed the importance of diverse knowledge in the creation of innovative new products (see, e.g., Hargadon & Sutton, 1997) . Diverse network ties serve as conduits to different knowledge and information sources. In a closed and less diverse network, the information available tends to be homogeneous and thus often redundant (Burt, 1992; Gargiulo & Benassi, 2000) . Also, in less diverse networks, judgment about knowledge importance tends to be similar, which can hinder the acceptance and integration of new knowledge (Wong, 2008) . A more diverse perspective should increase the likelihood that one understands how to use relevant information located in socially distant regions of a network (Cross & Cummings, 2004) . Since social networks that span boundaries allow knowledge workers to access more potentially relevant knowledge when framing problems and to obtain the information needed to solve problems, such social networks should improve innovation performance (Cross & Cummings, 2004) . Harrison and Klein (2007: 1200) distinguish three types of diversity: (i) separation -'differences in position or opinion among unit members', e.g., dissimilar values or attitudes; (ii) variety -'differences in kind or category, primarily of information, knowledge, or experience among unit members'; and (iii) disparity -'differences in concentration of valued social assets or resources such as pay and status among unit members'. Given our emphasis on knowledge access, the appropriate type of diversity in the context of our study is 'variety'. Harrison and Klein (2007) identify two indices that operationalize variety: Blau's index and Teachman's (entropy) index. Both indices sum categories weighted by their relative quantity and hence depend on dispersion richness and evenness (Harrison & Klein, 2007; Stirling & Wilsey, 2001 ). Dispersion richness is the total number of categories (Peet, 1974) . Dispersion evenness is defined as the distribution of relative abundance among categories (Lloyd & Ghelardi, 1964) . These concepts can be better understood if we consider the case of three knowledge workers who we will call knowledge worker A (KW-A), knowledge worker B (KW-B) and knowledge worker C (KW-C). Recall the knowledge worker's intra-organizational contacts can be segmented into three cohorts: (i) those within the same department as the focal individual; (ii) those outside the focal individual's department but within the organization; and (iii) those at a higher level in the organizational hierarchy. If KW-A makes a connection to only one of the three cohorts, while KW-B has contacts across all three cohorts then KW-B has a richer dispersion of contacts than KW-A and the diversity of KW-B's egocentric network is greater than that of KW-A. On the other hand KW-C has the same number of contacts as KW-B and these contacts are also spread across all three cohorts, but the distribution of connections between KW-B and KW-C differs. The communication links of KW-C are equally distributed among the three cohorts, while connections to one of the three cohorts dominate for KW-B. In this case KW-C has a more evenly dispersed egocentric network than KW-B and thus KW-C's contact diversity is greater than KW-B's, according to both Blau's index and Teachman's (entropy) index.
Scholars who have used either Blau's index or entropy to measure diversity in their social network research include Cummings (2004) , Oh et al. (2004) , Reagans and McEvily (2003) , and Reagans and Zuckerman (2001) . These scholars, however, did not distinguish between the relative effects of dispersion richness and dispersion evenness. We expect that these dispersion dimensions will have different implications for innovative performance, as we explain below.
The team level study evidences that the unevenness in team member power decreased team performance by interrupting the flow of information (Eisenhardt & Bourgeois, 1988) . As network ties provide conduits to information and knowledge, unevenly distributed connections among cohorts indicate that one specific knowledge base would dominate the source of expertise, and hence would lead to bias over the importance of disparate knowledge sources; while evenly distributed contacts among cohorts would allow the ego to have an equal opportunity to access differing expertise, and to form a relatively balanced view on the value of various knowledge bases. Harrison and Klein (2007) suggest that inequality would lead to suppression of innovation. Accordingly, we might conclude that dispersion evenness should be positively correlated with performance, and state formally: According to Burt's theory (1992) , networks rich in structural holes can provide ego with the benefit of differing access to information. The wider people cast their social nets, the more likely they are to gather information about a specific job (Lin et al., 1981) . Having broad networks can ease the transfer of useful knowledge, and increase a person's ability to convey complex ideas to diverse audiences, because behaviors that ease knowledge transfer, such as framing communications in a language that a contact can understand, are part of their everyday network activities (Reagans & McEvily, 2003) . By broadening one's perspective, diverse information can help individuals 'make sense of equivocal events in their environment, notice emerging trends and problems, and achieve higher performance' (Anderson, 2008: 51) . Innovative product development tasks demand different bases of expertise (Kratzer, Leenders, & Van Engelen, 2008) . Thus, we suggest that a broad network should be highly correlated with performance, and state formally:
Hypothesis 3: The dispersion richness of a knowledge worker's egocentric network will relate to the knowledge worker's job performance. Campbell et al. (1986) postulate that larger networks represent greater diversity because the homogeneity of contacts' attributes decreases as the number of contacts increases. Hill (1973) also suggests that larger size will lead to an increase in diversity. While we agree that the number of the knowledge worker's contacts is helpful, because the larger this number, the 'more likely' they are to be diverse, we believe the amount of increase in diversity depends on how the growth in network size occurs. As diversity is comprised of both dispersion richness and dispersion evenness, we analyze how the increase of network size affects dispersion richness and dispersion evenness separately.
There are two ways in which the knowledge worker's egocentric network size could increase: a new contact could come from either a cohort where the focal employee already has connections or a cohort where the focal employee currently has no connections. Richness grows as the number of contacts increases in the latter instance, but does not change in the former. Table la shows an example of how the network size and dispersion richness for a new employee might develop. This is a special case in which each new connection is from a different cohort and thus richness grows at the maximum rate (before the employee joins the company he or she has no connections -Step 1). Table lb is another example; this time each new connection is from the same cohort, thus richness doesn't grow beyond the one cohort. From these examples it can be seen that the number of contacts is a necessary requirement of a rich egocentric network.
The relationship between network size and dispersion evenness is best demonstrated by considering another hypothetical scenario. Employee D has a network of Step 1 Step 1 Step 2 Step 3 Step 4 Step Size \ n n n\
Way1 Way 2 Way 3 Way 4 maximum evenness with the same number of connections iri) in each of the three cohorts (
Step 1, Fig. 1 ). Figure 1 shows the potential ways in which evenness might change as Employee D's network size increases (there are four types of size growth in this case). In
Step 2, the number of contacts has increased by one with the result that the number of connections to one of the cohorts is greater than the number of connections to the other two cohorts.
Steps 3 and 4 demonstrate that there are a number of possible ways in which further new contacts might be added. More details regarding the impact of size growth on evenness are presented in Tables 2a-d (where, for convenience, the value of n is set to be 5) according to Way 1, 2, 3 and 4, respectively. For network size growing under Way 1 (Table 2a) , the value of evenness goes down and then up, back to its maximum again in Step 4; for Way 2 (Table 2b) , evenness decreases and then increases and finally decreases; for Way 3 (Table 2c ) the result of evenness heads down and then turns up, but its value in
Step 4 is lower than its initial value. While for Way 4 (Table 2d) , evenness constantly decreases. These results prove that there is no certain correlation between size and dispersion evenness. Hence, we do not posit a mediating role of dispersion evenness.
Since network dispersion richness is proposed to be positively correlated with job performance, and network size is the necessary condition of network dispersion richness, we suggest network dispersion richness mediates the effect of network size on job performance, and state formally: 
METHOD Sample
We collected data for 93 R&D engineers from the R&D department of a SinoGerman joint venture company operating in Shanghai, China that supplies carmakers with innovative automobile electronics. This company, founded in 1995, employs over 1,000 workers; its revenue in 2007 was USD 187 million. Data was gathered from two main sources: a) a survey of the 93 engineers in the R&D department; and b) matched data supplied by the Human Resource (HR) department. Data on ties, gender, age, and level of education was gathered using the survey, while data on job performance and other demographic data were supplied b y H R .
Questionnaire Design
As prior studies on correlations between individual connections and performance focus on knowledge exchange relationships (e.g., Cross & Cummings, 2004; McFadyen & Cannella, 2004) , we also collected the relationship data on knowledge transfer between individuals.
In gathering data we were careful to distinguish between knowledge exchange and information exchange. Huber (1991: 89) differentiates information as 'data that give meaning by reducing ambiguity, equivocality or uncertainty', whereas knowledge involves 'more complex products of learning, such as interpretations of information, beliefs about cause-and-effect relationships or more generally knowhow'. A preliminary investigation found that respondents were apt to confound notions of information with knowledge. With the aim of helping respondents differentiate between information sharing connections and knowledge transfer relationships, we designed an instrument asking about both, including previously validated questions adopted and adapted from Kase, Paauwe, and Zupan (2009) on information exchange, and from Borgatti and Cross (2003) on knowledge exchange. We are only concerned with the knowledge transfer relationships among employees, thus the purpose of the information sharing question, and words regarding 'means and value of knowledge transfer' in the knowledge transfer questions, is to help the respondents distinguish between the relationships of information sharing and knowledge transfer.
As is typical in social network research, the data on each type of relationship is obtained with name generators that ask respondents to enumerate those individuals with whom they have direct ties of a specified kind (Marsden, 1990) . We first asked the information-sharing question: 'In the past three months, from whom did you often seek information (e.g., information about processes, technology and customers)?' We then asked three knowledge transfer questions: (i) 'In the past three months, to whom did you often turn for knowledge on work-related topics?'; (ii) 'Through which means did he/she transfer the knowledge to you (e.g., electronic documents, print documents or face-to-face communication)?'; and (hi) 'How valuable was his/her help?'
The answers to the knowledge transfer questions rather than the informationsharing question were used to form the egocentric network data for analysis in this study. Marsden (1990: 456) suggests that such data is largely reliable when appropriate procedures are followed; these include ensuring that meaning is shared between respondents and investigators, and avoiding 'excessively diffuse and excessively minute items'. In this study, the questions are specific in order to elicit frequent interactions rather than one-time events, and the exact meaning of measures was conveyed to respondents by distinguishing knowledge transfer relationships from information sharing connections.
Procedure
Seeking an especially high survey response rate, we conducted a pre-test, comparing two methods of data collection. Pre-test respondents came from the sales department. Under Method A, the H R managers sent an email to the respondents with the confidentiality statement and questionnaire attached, and the respondents forwarded the completed questionnaires to the research team. Under Meuhod B, respondents individually met with a member of our research team who introduced the study and confidentiality statement and then asked whether they would be willing to complete a computer-administered questionnaire. In both methods, the confidentiality statement promised that all the personal information and answers would remain strictly confidential to the research team; the survey was solely for the purpose of academic research; only aggregate level data would be reported to the senior executives; and no judgment or evaluation of individuals would be made. We found that with Method A, only 30 percent of respondents sent back the questionnaires, while with Method B all respondents agreed to complete the questionnaire, and there were no invalid questionnaires. We therefore adopted Method B, and with strong support from the sponsor firm, all 93 R&D employees (100 percent response rate) completed the questionnaire.
Measures
The dependent variable in this study is the knowledge worker's job performance which focuses on innovativeness. The study firm bases its semi-annual employee evaluation on several key measures. First, at the end of every quarter, the supervisor interviews and evaluates each employee's performance on innovation. Second, to obtain different perspectives on the employee's performance, the firm's human resource function gathers feedback from co-workers who work closely with the employee. Additionally, semi-yearly, an executive evaluates these results, and makes a final decision mainly based on their performance on innovation, arriving at an overall rating on a ten-point scale. It was this overall rating that was used as the measure of job performance in the study. While this rating may be seen as somewhat subjective, it is based on data from multiple sources and is regarded within the organization as reliably reflecting job performance. The collection of social network data occurred eight weeks before the performance evaluation was conducted and asked about knowledge-exchange activities that happened 'in the past three months', ensuring that the data reflected the networks in existence during the period covered by the semi-yearly performance evaluation; thus the possibility of reverse causality that job performance impacts the network data can be excluded according to Xiao and Tsui (2007) .
There are three independent variables: network size; dispersion richness; and dispersion evenness.
Egocentric network size is the total number of connections reported by the respondent in the three cohorts. We classified the ties by gathering information on the hierarchical position of employees and their departments from the company H R officers. We identified and assigned each relation between ego and alter to one of the three types of ties (those within the department, those outside the department and those higher in the hierarchy). For the contacts higher up in the hierarchy, whether they were within or outside the same department as the focal employee, we considered them as part of the third cohort rather than belonging to the first and second cohort. The size of the knowledge worker's egocentric network is simply their number of contacts.
Dispersion evenness and richness is derived from the network data provided by the respondent. As E \ is suggested as one of the best evenness indices according to the 15 requirement that the index should be independent of richness (Smith & Wilson, 1996) , we calculated dispersion evenness as Equation (1), where S is the number of categories or cohorts.
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In Equations (3) and (4), «, is, respectively, the number of ties within the department, outside the department and higher up in the hierarchy.
Three richness configurations were also defined: (i) a network composed of one cohort (CI); (ii) a network composed of two cohorts (C2); and (iii) a network composed of three cohorts (C3). These dispersion richness categories are represented in the analysis by the numerals 1, 2 and 3, respectively.
Control Variables
We gathered information about each individual's age (in years), gender (dummy variable, 1 for male), education via the questionnaire, and collected data on tenure and hierarchical position from the H R department. Tenure was measured as length of time in fractional years. Education takes one of five values: 1 = high school, 2 = college, 3 = bachelor's, 4 = master's, 5 = doctorate; the hierarchical position is assigned with one of the four values: 1 = assistant, 2 = associate engineer, 3 = engineer, 4 = manager. Table 3 provides the means, standard deviations, and correlations for the variables used in the regression models. There are several observations to be made. Firsdy, there are significant correlations between the dependent and independent variables, and the control variables, except education. Secondly, the correlation of tenure and hierarchical position with network size and its squared term (see Table 3 ) may suggest that the knowledge worker's social network grows over time and with seniority. Third, there are also significant correlations between egocentric network size and egocentric network size-squared. The correlation is more than 0.90. Considering the high correlation between the egocentric network size and its squared term would introduce problems of multicollinearity, this study followed suggestions by Cronbach (1987) and the practices of Kratzer et al. (2008) , McFadyen and Cannella (2004) and Wu and Shanley (2009) , and centered the egocentric network size by subtracting from it the overall mean. The squared value incorporated into the regression analysis is the square of the centered variable. This helps to reduce correlation between the first power and second power terms, which becomes 0.728. Lastiy, dispersion evenness is highly correlated with dispersion richness. 
RESULTS
Regression Analysis
Ordinary least squares (OLS) regression results are reported in Tables 4 and 5 . In Table 4 , the first model captures the control variables: gender, age, education, tenure and hierarchical position, where the coefficients of gender, tenure and hierarchical position are statistically significant. The relatively large amount of variance in the dependent variable explained by the control variables (39 percent) evidences, to some extent, the validity of the control variables. When the independent variables, egocentric network size and its squared term, are added to the second model there is a 7 percent improvement in the variance explained.
Hypothesis 1 predicted an inverted U-shaped relationship between the egocentric network size and job performance. For the data to support an inverted U-shaped relationship, the coefficient estimate for the egocentric network size should be significantly positive and the estimate for the corresponding squared term should be negative and significant, with a significant change in the model's explained variance. The results for Model 2 (Table 4) show that all of these conditions are met, thus the relationship between egocentric network size and job performance is statistically significant and inversely U-shaped. Hypothesis 1 is therefore supported.
Hypotheses 2 and 3 consider the effect of dispersion evenness and richness on job performance, respectively. In Model 3, both dispersion evenness and richness are included. The result shows that the coefficient estimate for dispersion evenness is negative and not significant, while the corresponding value for dispersion richness is significant and positive. Thus Hypothesis 3 is supported but Hypothesis 2 is not. Hypothesis 4 proposes that the dispersion richness of a knowledge worker's egocentric network mediates the relationship between network size and job performance. Baron and Kenny (1986) describe a procedure for testing mediation which is widely accepted and has been used to examine the mediating effect on a U-shaped curvilinear relationship by Lado, Dant, and Tekleab (2008) and Li, Guo, Yi, and Liu (2010) . Li et al. (2010: 91) say that 'while most existing studies examine the mediating effect of linear relations . . . the mediation relation can also be non-linear and must be tested empirically by applying ordinary least squares regressions'. Using Baron and Kenny's (1986: 1176) procedure, network dispersion richness can be considered to function as a mediator when it meets the following three conditions. First, 'variations in levels of die independent variable significandy account for variations in the presumed mediator'; in fact, the egocentric network size and its squared term have a significant impact (p < 0.001) on the mediator as shown in Model 6 (see Table 5 ). Second, 'variations in the mediator significandy account for variations in the dependent variable'; it is evident in Model 3 (see Table 4 ) that dispersion richness has a positive impact (p = 0.022) on the dependent variable. Third, when the effect of the presumed mediator is controlled, 'a previously significant relation between the independent and dependent variables is no longer significant'; as shown in Model 3 (see Table 4 ) the significant effect of the egocentric network size and its squared term on the dependent variable disappears once we control for the effect of dispersion richness. Thus, as predicted by Hypothesis 4, taking the dispersion richness of the egocentric network into account removes any effect of the egocentric network size and its squared term.
We did a robustness check by adding the diversity index, namely Blau's index (for this measure refer to Harrison & Klein, 2007) , into Model 2 and derived Model 4. As this diversity index is decomposed into dispersion evenness and richness, the model with these two indices should account for more variance than that with only the diversity index. It is evident that the variance explained in Model 3 is greater than that in Model 4 by 0.02.
All models were tested for violations of multicollinearity with no evidence found. The two highest VIF (variable inflation factor) values occurred in Model 3 where both results of dispersion evenness and richness are 6.6 and 8.3, respectively; the VIF value in other models are no greater than 5. As all the VIF results are well below the standard cut-off of 10, the possibility of multicollinearity can be excluded.
To show the inverted U-shape of the relationship between egocentric network size and performance and to facilitate its interpretation, we plotted this relationship. According to Model 2 in Table 4 , performance (Pj is the function of egocentric network size (size), its squared term (size-squared) and five control variables (gender, age, education, tenure, and hierarchical position). For the convenience of plotting, we reduced these control variables to their mean values as suggested in other studies (e.g., Li et al., 2010) . When substituting the five control variables with their mean values as shown in Table 3 
Then, we transformed the centered egocentric network size to its initial value as shown in Formula 1. This replacement leads to the changes in coefficients of the constant term, and egocentric network size. As a result, we derived Equation 6 by putting Formula 1 into Equation 5.
size' = size -mean of size (Formula 1) P = 3.41 + 0.52 * size -0.03 * size 2 .
According to Equation 6, we plotted the curvilinear relationship between egocentric network size and performance, namely size takes the number incrementally from 1 till the numeral (but this numeral is not included) where the result of .P turns The solution for Equation 7 indicates that performance reaches its highest value when egocentric network size is 9. However, when egocentric network size increases beyond this point there is an increasingly negative impact on performance.
DISCUSSION
Empirical results reported herein have shed light on the effects of the size and diversity of the knowledge worker's egocentric network and their relative importance, and yielded several contributions.
First, we contribute to the literature on network theory with our dissection of the operational measurement of diversity. Previous literature using entropy or Blau's index to characterize diversity seldom differentiates the two components of diversity: dispersion richness and evenness (e.g., Ancona & Caldwell, 1992; Cummings, 2004; Harrison & Klein, 2007; Oh et al., 2004; Reagans & McEvily, 2003; Reagans & Zuckerman, 2001; Teachman, 1980) . We made such a differentiation and derived a deeper insight into the operational measurement of diversity by demonstrating the significant effect of network dispersion richness on the knowledge worker's job performance. Additionally, research addressing diversity as evenness in organizations is rare (Harrison & Klein, 2007) ; we examined the effect of network dispersion evenness on performance and found such effect is insignificant. Furthermore, die correlation of diversity (Blau's index) with dispersion richness is larger dian that with dispersion evenness (see Table 3 ). Hence, it is evident that dispersion richness of contacts is more important dian dispersion evenness of contacts in the knowledge intensive industry.
A second contribution to the literature on individual social capital is both the demonstration of how individual network size produces network diversity, and the finding that network dispersion richness mediates the relationship between network size and job performance. We argue that network size is a necessary condition for network dispersion richness, but is uncorrelated with network dispersion evenness, and found that the dispersion richness of employee ties to disparate knowledge bases mediates the effect of network size on performance. This is consistent with the case study findings of Cross and Thomas (2008) . They identified a director, who attributed his successful promotion to the senior executive ranks to his network; and though network analysis revealed his network was not die largest, he had the broadest reach across different functions and hierarchical levels.
The third contribution is testing die notion of diminishing benefits from growing the number of employees' contacts, demonstrating in the study context that die size of a knowledge worker's egocentric network has first a positive, and then as growth exceeds a moderate level, a negative effect on job performance. Although McFadyen and Cannella (2004) derived similar findings, their study was conducted in the context of academic communities, i.e., the biomedical departments in two US universities, which is different from this study context. Scientists in the universities and R&D engineers in firms partially share the same purpose, which is to create knowledge, but they differ in several ways. First, how they are organized differs. Scientists cooperate with each other mostly based on their personal research interests; however, R&D engineers are grouped together according to organizational needs and dictates. Second, scientists have research plans, but are not subjected to rigid timelines, while R&D engineers are under pressure to meet deadlines, as they must develop new technology and products on time or their organization will not be competitive. Third, scientists are relatively equal, while there are clear superior-subordinate relationships in the R&D department, where subordinates receive direct orders from, and report direcdy to, their superiors. Finally, scientists mosdy seek support from those colleagues who are in die same research area, while R&D engineers turn to persons not only within their department who have the same knowledge base, but those outside their department, higher in hierarchy, even customers who have disparate expertise and talent. Thus diis study finding is also a contribution to the literature on individual social capital.
Additionally, the dependent variable is significandy correlated with the control variables, except education (as shown in Table 3 ). According to Becker (1964) , enterprise knowledge can be classified into general knowledge and firm-specific knowledge. School-based education provides individuals with general knowledge. Firm-specific knowledge is embedded in the organization and is hard to imitate and trade and hence builds up the firm's competitive advantage (Wernerfelt, 1984) . Preliminary interviews with executives and a review of existing documents on die number of patents applied for each year and market-share indicated tliat this company had grown their competitive capability by creating and accumulating firm-specific knowledge. The knowledge that the R&D engineers in this study use to accomplish tasks is largely firm-specific. When the R&D engineers initially join the department, the level of education they possess is merely the foundation for learning and absorbing the firm-specific knowledge, which takes time and effort. Thus, we see a significant correlation between tenure and performance, rather than between education and performance.
Finally, dispersion evenness is highly correlated with dispersion richness (as shown in Table 3 ). This result is consistent with the argument that richness significantly correlates with evenness (Smith & Wilson, 1996) and the indications of mathematical models and simulations that demonstrate the relationships between evenness and richness are strongly positive (Stirling & Wilsey, 2001 ).
Limitations
The insights gained from our study are important, but the study has several limitations. First, a larger sample from more than one organization would increase confidence in the findings. Second, replication of this work across other kinds of organizations and populations will further allow generalisability. Though most bounded social network studies have drawn generalizations from a single organization (e.g., Cummings & Cross, 2003) in order to achieve a valid and reliable performance metric (dependent variable), we encourage further research aimed at broadening the sample of organizational settings.
A further limitation of the study is the single, overall measure of each employee's job performance. Although the evaluation of job performance in this study is mainly based on innovation, other factors are also included, e.g., the perception of the focal employee from his or her colleagues and supervisors. Thus, in the future, a 'pure' measure of innovation may yield further insights into the relationship between the individual's egocentric network and innovation. Additionally, employing a subjective performance measure is not ideal. The organizational status of the focal employee and his or her relationship with executives could to some extent influence the result of evaluation; indeed, this may have influenced the significant correlation between performance and hierarchical position observed in Table 3 . However, it is also possible that beyond friendship with higher-ups, it is the higher performers that advance to higher levels in the hierarchy. Moreover, we did not collect data on extra-organizational relationships owing to the difficulty in obtaining such data; this is another valuable possible extension in future research.
Directions for Future Research
The study findings and above limitations suggest possible fruitful future research directions. It would be interesting to adopt a more sophisticated model of performance in anticipation of different configurations of the egocentric network being associated with different dimensions of performance (e.g., efficiency, effectiveness, and innovation). It might be anticipated, where team cooperation is critical, networks dominated by contacts within the department result in higher efficiency and effectiveness, whereas networks with more ties across departments might lead to greater innovation. Further, most of the research on individual egocentric networks has studied R&D engineers; yet the knowledge exchange networks of employees in other functions, such as sales engineers, mid-level managers and top management, also warrant investigation. Other employees have quite different roles to R&D engineers and the optimal configuration of their egocentric networks may be quite different. Additionally, most scholars studying ties to those higher in the hierarchy simply focus on the number of such ties, e.g., Seibert et al. (2001) and few have considered the distance (e.g., number of levels) between the subordinate and superior. Superiors in disparate hierarchical levels can provide differing information and support, thus the influence of contacts in different hierarchical positions may also vary. Moreover, this study demonstrates the curvilinear effect of network size on job performance is mediated by network dispersion richness, but does not provide an explanation of the dynamics of such an effect. Future research may examine how network size affects network dispersion richness and derive corresponding theoretical insights. Furthermore, we found that the number of contacts within and outside the department is significantiy correlated (not shown in this study), namely, the knowledge worker who has more contacts within the department is more likely to have a greater number of contacts outside the department. This could be the result of both individual personality and organizational policy. When the individual is energetic and sociable, he or she is more likely to make friends within the department. In addition, organizations in China encourage employees to develop relationships across departments that go beyond the workplace, to social and leisure activities (Chai & Rhee, 2010) , and to develop stronger guanxi ties to facilitate knowledge sharing (Walsh, Bhatt, & Bartunek, 2009) . Consequently, the employee who has more contacts within the department will have a larger number of contacts outside the department. Hence, it is worth examining the impact of individual personality and organizational efforts on the development of personal social network. As Walsh et al. (2009) suggest different organizational forms, e.g., state-owned enterprises (SOEs), township and village enterprises, domestic private firms, and equity-based joint ventures, emphasize disparate knowledge creation patterns, such as internalization, externalization, socialization and combination; it is therefore reasonable that organizations of different forms would exert disparate efforts to encourage or discourage employees to develop personal social networks within organizations. Thus, to explore the relations between organizational forms and a knowledge worker's egocentric network structure and its influence on individual knowledge, creation patterns also deserve attention. Lastly, Li, Yao, Sue-Chan, and Xi (2011) argue that managers of SOEs have more governmental ties than their counterparts in non-state-owned enterprises (NSOEs). Studies to examine whether the different social network structure of managers in SOEs and NSOEs will contribute differendy to their job performance and the organization's performance can further our understanding of the importance of governmental ties in China and how managers' social networks contribute to job performance.
Managerial Implications
Our results provide important insights into the management of egocentric networks, relevant to both knowledge workers and their managers. The importance of social capital has been widely recognized; however, the optimal configuration of an individual egocentric network has rarely been empirically examined. Many corporate executives have jumped to the conclusion that it is always better for an employee to have more contacts (Cross, Nohria, & Parker, 2002) , and books have proliferated that assume the secret to becoming a 'power' networker is a large network (Cross & Thomas, 2008) . This article highlights the opportunity cost of identifying, developing, and maintaining relationships, and argues mat the size of the knowledge worker's egocentric network has an inverted U-shaped effect on job performance. Thus, practically, managers can take measures to encourage individuals to construct diverse egocentric networks, and monitor developments (rather than leave this entirely to individuals unchecked). Knowledge workers should understand that their performance can be enhanced by configuring their egocentric networks. Both managers and knowledge workers should be aware that a minimum of contacts is necessary and important, but that constantly increasing the number of relationships eventually results in diminishing returns. In addition to managing the size of one's egocentric network, more attention should be paid to managing the diversity of a knowledge worker's ties to different cohorts of colleagues. Knowledge workers require a broad range of knowledge and diverse perspectives to deal with novel problems; thus, diverse connections across individuals within their own department, outside their department, and higher in the organizational hierarchy can facilitate the combination of disparate and valuable knowledge, information and perspectives, and thus facilitate knowledge creation.
CONCLUSION
Our empirical findings suggest that knowledge worker's egocentric network size has an inverted U-shaped effect on job performance. Furthermore, networks that span multiple cohorts or groups (dispersion richness) rather than having equal proportion of ties within the multiple cohorts (dispersion evenness) positively contribute to the knowledge worker's job performance. We further show that the effect of network size on job performance is due to dispersion richness in the networks. We hope this study will encourage more research exploring the optimal configuration of an individual's egocentric network in both Chinese and Western contexts.
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